Unilateral breast reconstruction is different from bilateral breast reconstruction and breast augmentation, as it requires more consideration of the symmetry between the reconstructed breast and the contralateral breast. However, there are currently no implants specifically targeted to unilateral breast reconstruction, nor is there is objective classification criteria for breast appearance type. A total of 212 breasts from 153 patients were measured. Breast measurements, breast surface curvature distributions, and elliptic Fourier coefficients were used to describe breast features. We objectively classified the appearance of breasts using machine learning and used the resulting cluster centers to construct the most adaptive implants for each type of breast. All of the breasts clustered into 4 types. The implants corresponding to each type of breast were constructed using cluster centers. The resulting cluster centers were then used to choose a suitable implant for patients requiring unilateral breast reconstruction. Contour coefficients were used to evaluate the clustering results, with an average score of 0.53. The two breasts that develop normally in the same person were treated as the same class. The score obtained after statistical classification was 0.47. These results demonstrate that our proposed method can improve the classification of breasts of different shapes. This method provides a foundation for improving the symmetry of unilateral breast reconstruction and the construction and selection of implants.
I. INTRODUCTION
Breast cancer is the most common cancer among women. According to the latest World Cancer Report (2014), in 2012, there were 1,700,000 newly diagnosed cases of breast cancer. The most common treatment for breast cancer is surgical intervention, mainly breast-conserving surgery and mastectomy [1] - [3] . However, mastectomies can have a negative effect on a woman's physical and mental health [4] - [6] ; therefore, a successful breast reconstruction surgery may negate this negative impact [7] - [10] . Among the available methods of breast reconstruction, implant-based breast reconstruction is the most widely used [11] . However, breast implants are currently used for both breast reconstruction The associate editor coordinating the review of this manuscript and approving it for publication was Utku Kose. after a mastectomy and for breast augmentation. Therefore, there is no implant specifically adapted for breast reconstruction [12] - [14] . What should be emphasized is that for unilateral breast reconstruction, the reconstructed breast should be consistent with the shape and contour of the healthy breast. However, to date, the prospect of breast asymmetries is frequently overlooked by surgeons [13] . Implants are round and anatomical, differing only in width, height and projection [15] - [17] . There is only a single implant type, which does not take into account individual differences; furthermore, personalized breast implants are expensive and not affordable for everyone. Therefore, there is a need for a breast implant that is relatively inexpensive and takes into account individual differences.
From the first generation to the current fifth-generation breast implant, people have paid less attention to the shape of the implant, and implants of the same size from different manufacturers exhibit a wide variety of shapes [15] - [17] . There is no uniform standard among manufacturers to evaluate the shape information of the implant. Therefore, for unilateral breast reconstruction following mastectomy, we believe it is necessary to propose an objective method for constructing and selecting breast implants based on a patient's healthy breast.
Researchers are increasingly paying attention to personalized breast reconstruction and implant customization. Computer-aided design (CAD) and computer aided manufacturing (CAM) take advantage of computational technology to improve the design of the intended products. Melchels et al. used CAD/CAM technology to create lifesize, patient-specific customized molds to aid in autologous breast reconstruction [18] . Sun et al. used the 3D optics scanner to scan on patients' breasts to obtain the breast 3D image data. Then they used the 3D digital data to create a solid model. This solid model consider being an important reference on breast reconstruction [19] . Rocco et al. discussed that to combine and integrate the principles of regenerative medicine with those of reverse engineering (3D image capture, 3D modelling and rapid prototyping) for designing custom-made 3D hierarchical structures for breast [20] . There are some studies discussed the application and potential of 3D bioprinting technology in breast reconstruction. The breast imaging data from routine computed tomography (CT) or magnetic resonance imaging (MRI) scans is converted into CAD file. The file is used by a 3D bioprinter to fabricate the breast model. However the results are currently limited to preclinical studies [21] - [23] . Chhaya et al. employed laser scanning to acquire a patient-specific model for their breast tissue scaffold. The breast images captured can then be processed into a 3D computer-aided design model which is then sent to a bioprinter to be fabricated into a highly porous biodegradable scaffold [24] . Current computer-aided personalized breast reconstruction and implant customization require that converts laser scan data, CT or MRI data into CAD files. Using reverse engineering or 3D bioprinting to create a model of a patient's breast. Existing methods require customized breast model or scaffold for each patient. They are complicated and time-consuming to implement. These methods are currently difficult to promote on a large scale. In order to overcome the limitations of current methods, we propose a new breast implant construction and breast classification method for unilateral breast reconstruction. Our method takes into account the patient's breast characteristics and reduces the difficulty of implementation.
In this paper, we propose a method for breast shape classification and for constructing the most representative breast implants for each type of breast. This work has three main contributions. First, we propose a new breast descriptor that uses breast measurements, elliptic Fourier coefficients of breast contours, and breast surface curvature distribution to fully describe breast appearance. Second, we use unsupervised machine learning method to cluster the breast descriptors. The cluster centers serve as the basis for constructing each type of breast implant. The cluster center represents the unique characteristics of this type of breast, so it is also used as the basis for objective classification of the patient's breast appearance. Third, since the appearance of the breast has no objective label to evaluate the classification results, we innovatively classify the breasts on both sides of the same person into the same class, which can be regarded as a natural label of the breast appearance for evaluating the classification results.
II. METHODS AND MATERIALS A. DATA COLLECTION
This work was carried out with the approval of the Ethics Committee of the Shengjing Hospital affiliated to China Medical University.
The incidence of breast cancer increases rapidly with age during the reproductive years and then increases at a slower rate after about age 50 years [25] . The reason for this is the onset of the menopause with the very different hormonal environment afterwards, characterised by a lower level of oestrogens. The high incidence of breast cancer in women is between 50 and 70 years old [25] - [27] . Women in this age group are prone to breast cancer and undergo unilateral breast reconstruction after surgical intervention. So we collected the breasts on the healthy side of breast cancer patients and the breasts of patients with potential morbidity. They are between the ages of 50 and 70. The breast samples of 153 patients between the ages of 50 and 70 can reflect the appearance of breasts in high-risk populations of breast cancer to some extent. Since some patients had undergone a unilateral mastectomy, measurement data from 212 breasts was obtained.
We used 3D body scanning technology to obtain point cloud data of women's upper bodies. Measurements were taken indoors with the patients' upper bodies unclothed. The patients did not wear any jewelry, they held their breath during measurement collection, and raised their arms. A laser scanner was used to obtain upper body data from each patient. The scan position ranged from the patient's neck to their waist.
B. BREAST MEASUREMENT INDEX
We imported point cloud data into specific software (Geomagic Studio R , Raindrop Geomagic, NC, USA) and use software tools to measure the breast data.
To fully reflect breast characteristics, we measured 9 breast indicators. Linear measurements on the scanned model of the breast (cm) ( Fig. 1 ) included: the nipple to the upper edge of the breast (N-UEB), the nipple to the lower edge of the breast (N-LEB), the nipple to the outer edge of the breast (N-OEB), the nipple to the inner edge of the breast (N-IEB), the medial breast fold to the lateral breast fold (MBF-LBF), the upper edge of the breast to the lower edge of the breast (UEB-LEB) and breast height (BH). To assess the degree of sagging, we measured the distance from the nipple to the MBF-LBF (N-MLBF). If the nipple was on the lower side of the MBF-LBF, the measured value was negative, otherwise it was positive. N-MLBF reflects the degree of sagging and uprightness of the breast. If the value is positive, the breast is upright, if the value is negative, the breast is sagging.
C. BREAST EDGE CONTOUR
The measurement indicators described in Section 2.2 reflect the size of the breast and the degree of sagging but do not reflect the contour of the breast edge. To better classify breast types, we used elliptic Fourier analysis to fit the breast-edge contour.
1) IMAGE PROCESSING
The contour of the breast was outlined on the scanned 3D model and then converted into an image for processing. The outline of the breast was obtained from the image (as shown in Fig. 2 ).
We first converted the color space of the image from RGB to YCbCr. Next, the Otsu algorithm was used to find the binarization threshold. After the threshold was obtained, the image was binarized. Hole filling on the binary image was then performed. An open operation was used to process the binary images to eliminate narrow discontinuities. Finally, the object was deleted leaving a smaller area on the binary image giving the full breast outline.
2) ELLIPTIC FOURIER ANALYSIS
A chain code was used to encode the breast contour in preparation for an elliptical Fourier transformation. There are 8 adjacent pixels around a pixel, and the 8-connected chain code uses 0, 1, 2, 3, 4, 5, 6, and 7 to represent eight directions. Therefore, an 8-connected chain code was used to encode the breast contour.
After the breast contour was encoded, a Fourier series expansion of the contour points on the x and y axes was obtained, which can be expressed as:
where A 0 , C 0 is the DC component of the harmonic, corresponding to a frequency of 0. An, Bn, Cn, Dn are as follows:
K is the total number of sampling points on the boundary. x p and y p are projections of the displacement between the two points from point p to point p + 1 on the x-axis and y-axis. t p is the step change required to traverse link p of the chain code.
Thus, the breast contour can be described by an elliptical Fourier coefficient vector (ellipse Fourier descriptor). The ellipse of different frequencies was superimposed to fit the contour of the breast, the low frequency component reflects the overall shape of the breast contour, and the high frequency information reflects the details of the breast contour. The elliptical Fourier descriptor was then normalized so that the shape description of the contour was independent of the position, scale, and orientation of the contour. We used the first 10 harmonic numbers to describe the breast contour. The normalized harmonic coefficients are shown in Table 1 .
D. BREAST CHARACTERISTIC CURVATURE
To fully describe breast characteristics, the surface of the breast needed to be analyzed. The current surface fitting methods primarily include polynomial fitting and spline interpolation fitting. Polynomial fitting does not accurately represent the details of the surface and does not have geometric invariance. Spline interpolation fitting has geometric invariance and can express surface details more accurately, but it depends on the interpolation points, so the geometric features of the surface cannot be expressed intuitively. Therefore, existing surface representation methods are not suitable for an analysis of breast surfaces. Since the curvature of a point on the breast can reflect the characteristics of the breast surface to a certain extent, we took the curvature value of a specific position on the breast as the analysis object. We first extract the characteristic curve of the breast surface and then analyzed the curvature change of key points on the curve.
Taking the nipple as the middle of the breast, 4 characteristic breast curves were extracted: a horizontal section line, a vertical section line, a 45 • section line and a −45 • section line. The 4 characteristic curves intersected at the nipple position. Each curve was divided into two parts by the key points on the nipple, and each part was divided into 4 sections according to the equal arc length. The cutting points and end points were the key points (as shown in Fig. 3 ). Thus, there were 8 key points on each characteristic curve (excluding the key points at the nipple position). We obtained 33 key points from each breast surface. The curvature values at these 33 points were used to describe the characteristics of the entire surface.
These 33 key points were also the basis for building breast implants. To facilitate subsequent processing, the nipple was taken as the coordinate origin, and the coordinates of the key points obtained from the characteristic curve were normalized. 
E. BREAST TYPE CLASSIFICATION
We obtained 9 directly measured breast indicators, 40 elliptic Fourier coefficients describing the breast contour, and 33 curvature values describing the entire curved surface of the breast. These parameters comprehensively described the characteristics of the breast and were used as the basis for breast classification.
We used the unsupervised K-means learning method to classify the breasts. All of the breasts were divided into 4 types, and the cluster center of each breast type served as the basis for constructing breast implants.
F. CONSTRUCTING BREAST IMPLANTS
Once all of the breasts were classified, a corresponding implant was constructed for each breast type. The implant construction steps are as follows. (1) The average point cloud of each type of breast surface and the average point cloud as a control point for spline interpolation fitting were calculated. When constructing the upper surface of the implant, the curvature of several key points was kept consistent with the curvature of the center of the cluster. (2) The closed curve recovered from the elliptic Fourier parameter of the cluster center served as the underside contour of the breast implant.
The constructed breast implant was scaled so that the implant volume conformed to the actual situation of the patient.
III. RESULT A. DIMENSIONALITY REDUCTION RESULT
A principal component analysis was used to remove redundant data and improve clustering efficiency. The first five principal components retained the accuracy of 92.55% of the original data.
B. BREAST CLUSTERING RESULTS
All breasts were clustered into 4 categories, each representative breast type is shown in Fig. 4 , with each breast type named I, II, III and IV. Type I has almost no sagging, and the base contour of the breast exhibits a relatively regular, round shape. Type II has slight sagging, and the breast base contour is similar to type I, showing a relatively regular and round shape. Type III breast has moderate sagging, and the breast base contour resembles an inverted triangle. Type IV has more severe sagging than type III, and the base contour of the breast has a more pronounced, inverted triangular shape. We used a silhouette coefficient to evaluate the clustering results, as shown in Fig. 5 . When the number of cluster centers (K value) was 4, the score was higher. According to the evaluation results, there were several abnormal values in types II, III, and IV, and the average score was 0.53.
The classification results of breast morphology had no objective label to evaluate their quality. In response to this problem, we considered the breasts on both sides of the same person, if they developed normally, they would have good symmetry and similar morphological characteristics. Therefore, they should be classified as the same type. We counted the number of samples of the same person's breasts classified as the same type, divided by the number of pairs of breasts, and obtained a value of 0.47. This indicates the effectiveness of our method for describing breast characteristics. This method also provides a reference for the evaluation of unsupervised learning without objective labels.
C. BREAST IMPLANTS
The average point cloud of the four breast types served as the basis for constructing the upper surface of an implant. The 4 types of average point clouds obtained are shown in Fig. 6 . In addition, the corresponding implant bottom surface profile was recovered using the Fourier coefficients of the cluster center. The restored breast bottom contour is shown in Fig. 7 . We imported the average point cloud and bottom contour into Imageware software (Imageware TM Version 13.2) and used spline interpolation to construct the breast implant. The implant was kept smooth during construction, and the curvature changes of the four characteristic curves should be considered as consistent with the curvature of the cluster center. 
D. CLINICAL APPLICATION PROCESS
When a patient needs to undergo a unilateral breast reconstruction operation, we first need to measure the index of the patient's breast, as mentioned above. Then, the norm of the difference between the patient's measurement index and the four cluster centers needs to be calculated. The cluster center corresponding to the norm minimum is the patient's breast type. This allows for the type of implant that is most suitable for the patient to be selected. Prior to use, the implant should be scaled according to the volume of the patient's healthy breast so that the volume of the implant is consistent with the patient's healthy breast volume.
To assist doctors in selecting suitable breast implants for their patients, we have written a software program. First, laser scanning data from the upper body of a patient is introduced into the software, then the doctor must select several key positions on the breast as measurement points. The software automatically calculates the measurement index of the patient's breast, compares it with the four cluster centers, and then recommends the most suitable breast implant for the patient.
IV. CONCLUSION
This paper proposes a method for breast classification and implant construction for unilateral breast reconstruction. This is the first report that uses unsupervised machine learning to cluster breast appearance. We use the new breast descriptor. The cluster center serves as the basis for constructing implant and breast classification, and we propose a natural label for breast appearance. Current computer-aided personalized breast reconstruction and implant customization methods are complex and time consuming to implement. It is also a torture for patients. The method we proposed takes into account the characteristics of the patient's breast and also reduces the difficulty of implementation.
Unilateral reconstruction of the breast requires consideration of the symmetry between the reconstructed breast and the healthy breast. There is currently no objective assessment of a patient's healthy breast type and no unique implants for unilateral reconstruction of the breast currently exist. In this paper, we proposed an objective breast classification method. The breast classification model was constructed using measured values of the breast, Elliptic Fourier fitting of the harmonic coefficient of the breast contour and the breast curvature distribution. The experimental results demonstrate the effectiveness of our proposed breast classification method. The four most adaptive breast implants were built by constructing an average point cloud for each type of breast and using the breast contour and curvature distribution values restored by the Fourier harmonic coefficients of the cluster center. In unilateral breast reconstruction, the breast implant that is most suitable for a patient can be selected by calculating the norm of the difference between the patient index vector and the four cluster centers according to the type of healthy breast. For the convenience of doctors, we have developed software that can interactively measure the indicators of the patient's healthy breast and automatically recommend the implant that best fits the patient. The method proposed in this paper avoids both a doctor's subjective judgment of the patient's breast type and selection of the implant in unilateral breast reconstruction operations. LIQIAN 
